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Abstract— The efficient resolution of spatial localization is a 
key challenge in autonomous mobile robots. We describe in this 
paper our latest work in understanding spatial localization based 
on rat behavioral and neural studies. We develop a grid cell 
neural model based on studies in the Medial Entorhinal Cortex 
that integrates to a place cell neural model in the Hippocampus to 
generate “neural odometry” and spatial localization in the rat. 
We evaluate the model through simulated and physical robot 
experiments using a Khepera III autonomous robot in a 
laboratory environment. 
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I. INTRODUCTION 
Therefore, robots should be able to move properly in the 

real world, and consequently, the navigation becomes one of 
the most important problems to be solved in the design of 
autonomous mobile robots. We present in this paper a model 
for spatial localization developed from behavioral and 
neurophysiological brain studies in the rat. The model is 
composed primarily of grid cells in the Medial Entorhinal 
Cortex (MEC) and place cells in the Hippocampus used to 
generate “neural odometry” and spatial localization in the rat. 
The studies and experiments focus on goal-oriented navigation 
where rats exploit distal cues to localize and find a goal in an 
open environment. After training, rats are able to find the 
shortest path to the goal from multiple starting points in the 
environment. The model is tested through simulation and 
physical robot experiments using a Kephera III autonomous 
robot. 

The paper is organized as follows: Section II introduces 
some fundamentals relative to spatial cognition; Section III 
describes related computational models based on rat studies; 
Section IV summarizes our extended computational model 
based rat studies; Section V describes robot experiments 
devised originally by Morris for rats [1, 2]; Section V describes 
results from robot experiments; and Section VI provides results, 
and Section VII provides conclusions and a discussion of future 
work. 

II. FUNDAMENTALS ON SPATIAL COGNITION 
The concept of a cognitive map in the brain was first 

proposed by Tolman [3] as the essential module responsible for 
estimating the rat’s position in the environment. O’Keefe and 
Nadel located the cognitive map within the brain’s 
hippocampus [4]. The cognitive map is learned from the 
acquisition of topological and metric information from the 
environment [5], and is used by rats and other animals for path 
integration during goal-oriented tasks[6]. 

A. Place Cells 
The discovery of place cells in the rat’s hippocampus was 

first published by O'Keefe and Dostrovsky [7]. These neurons 
were considered the main component of the cognitive map and 
were termed place cells due to the high correlation between 
their firing and the rat location in the environment [8]. It is 
believed that the response of place cells is derived from 
combining kinesthetic and allothetic information, i.e. distal 
cues or landmarks [9]. 

B. Grid Cells 
The discovery of grid cells in the rat’s Medial Entorhinal 

Cortex (MEC) was published by Fyhn et al [10]. They 
suggested that grid cell firing signaled the rat’s changing 
position representing a “neural odometry” for navigation. 
Hafting et al [11] showed that grids assume similar phases and 
orientations with respect to external landmarks on repeated 
exposures to the same environment independent of initial 
starting location. McNaughton et al [12] concluded that in a 
sufficiently large experimental environment, MEC cells could 
exhibit a grid-like structure of firing fields repeating at regular 
intervals that is independent of the size and shape of the 
environment. Grid cells are considered to be key in ensuring 
stable spatial representation during rat navigation [13]. 
Additionally, grid cells have been shown to integrate relative 
information from head direction cells [14]. Grid cells are 
thought to be the core of the path integration system [15].  

  



III. RELATED WORK 
There is an extensive bibliography of goal-oriented 

navigation models inspired on place cells in the rat’s 
hippocampus. These models are mostly based either on self-
motion,  i.e.  path  integration  [16, 17],  direct correlation of 
distal  cues  to  rat  position [8],  or  their  combination [9].  
Examples of these models include  Burgess,  Recce,  and  
O’Keefe  [18],  Brown  and  Sharp  [19], Redish  and  
Touretzky  [20],  Guazzelli,  Corbacho,  Bota,  and  Arbib  [21],  
Gaussier,  Revel,  Banquet,  and Babeau [22],  Filliat  and  
Meyer [23],  Arleo,  Smeraldi,  and  Gerstner [24],  Milford  
and  Wyeth  [25, 26],  Barrera  and  Weitzenfeld [27],  Dollé,  
Sheynikhovich,  Girard,  Chavarriaga,  and  Guillot [28],  
Alvernhe,  Sargolini, and  Poucet [29],  and  Caluwaerts,  Staffa,  
N'Guyen,  Grand,  Dollé,  Favre-Felix,  Girard,  and  Khamassi 
[30]. 

IV. COMPUTATIONAL MODEL 
The current work has been developed as an extension to the 

Barrera-Weitzenfeld model [31, 32]. The main components of 
the model are shown schematically in Figure 1 [33]. The 
current work is directed towards extending the original Place 
Representation module representing the cognitive map in the 
rat brain exclusively in terms of place cells. In our current work 
we define three new submodules: (i) Head direction cells, (ii) 
Grid Cells, and (iii) Place Cells.  

 
Fig. 1. Extension in red to the Barrera-Weitzenfeldspatial cognition model 
[31, 32] consisting of the following modules: (1) Kinesthetic Processing (PI) 
updating the position of the rat’s point of departure in relation to its current 
position, (2) Landmark Processing (LP) processing landmark-related spatial 
positioning, (3) Affordance Processing (AF) inspired in Gibson’s work [34, 
35] discriminates among different possible orientations for navigation, (4) 
Motivation computing the rat’s hunger drive and producing a basic set of 
reward signals that are transmitted to the learning module, (5) Place 
Representation (PC) representing the space being extended in terms of grid 
cells, place cells and head orientation cells, (6) Learning module implemented 
as an Actor-Critic architecture [36], and (7) Action Selection generating the 
resulting robot motions as output to the model. Hebbian learning [37] is used 
for connectivity among layers in the modules.  

The main component of our latest work is the Grid Cells 
submodule capable of generating a “neural odometry” of cell 
firing in an environment. Figure 2 (left) shows an arbitrary rat 
trajectory in an open arena having no goals. The trajectory is 
generated from recordings by Hafting et al [11]. Figure 2 (right) 
shows the corresponding grid cell firing from a single neuron 
forming a periodic triangular grid covering the complete 
environment. 

 

Fig. 2. The following simulation correspond to: (a) open field maze showing 
in black the rat trajectory navigation as registered by Hafting et al [11], and 
(b) in red the firing of a single MEC grid cell for the corresponding simulated 
trajectory navigation where each red dot marks the location of the animal 
when a single spike was emitted by the single grid cell. 

The grid field generated by each cell can be described by 
three parameters: spacing (the distance between fields), 
orientation (the rotation relative to a reference axis), and spatial 
phase (displacement in the x and y directions relative to an 
external reference point). Figure 3 (left) shows grid fields with 
different spatial phase, Figure 3 (center) shows peak firing for 
three different grid cells having different phases but similar 
spacing, and Figure 3 (right) shows circles around each cell 
type to emphasize their phase offset. 

 
Fig. 3. Firing fields of three grid cells recorded simultaneously while a rat 
ran around inside a circular arena. Left: The rat's trajectory is shown in black; 
spike locations for each cell are shown in blue, red, and green, respectively. 
Middle: Peak firing locations for each of the three cells. Right: Peaks are 
offset to visualize difference in spatial phase but similarity in spacing and 
orientation [11]. 

In our grid cell model we used an interference approach of 
multiple linear oscillators as proposed by Burgess et al [38] and 
Hasselmo et al [39]. The grid cells model combines 
information about rat speed s and head direction θ  to obtain 
the pattern of grid cell firing as follows: 

 
 In the above equation g(t) represents the grid cell 

firing pattern over time, Θ is a step function, and Π represents 
the product across different dendrites receiving input from 
various head direction cells with selectivity angles (HD – Head 
Direction). The constant f represents threshold oscillation 
frequency and constant BH represents grid cell field spacing 
and both are experimentally determined. 

The spacing of the grid pattern changes along the dorsal to 
ventral axis of the entorhinal cortex (z-axis), with smaller 
distances between small grid cell firing fields for neurons in the 
most dorsal portion of entorhinal cortex (near the border with 
postrhinal cortex) and larger distances between larger firing 
fields for cells in the more ventral regions of entorhinal cortex 



[11]. Figure 4 shows grid cell firing patterns generated at 
different positions in the MEC. The constants f and BH are set 
according to Hasselmo [39] to match spacing recorded in rats. 
The z values refer to the offset in the Dorsal-Ventral axis with 
origin at the postrhinal border. Note the increased spacing 
between top left, top right, bottom left and top right. 

  

  

Fig. 4. Firing fields of four grid cells recorded simultaneously while a rat ran 
around in a circular arena. (top left) Spacing registered at postrhinal border 
(z=0). (top right) Spacing registered z=0.5mm from postrhinal border. (bottom 
left) Spacing registerd z=1mm from postrhinal border. (bottom right) Spacing 
registered z=1.5mm from postrhinal border. 

The Place Cell layer encodes kinesthetic and egocentric 
visual information sensed at a certain location in the 
environment while the rat is oriented in a given direction. The 
place cell layer output h(t) is given by the following equation: 

 h(t) = wl l(t) + wg g(t),  

where l(t) represents the external sensory information from 
external landmarks, and g(t) represents the internal sensory 
information from Grid Cells. Additionally, wl represents the 
corresponding external weights, and wg represents the 
corresponding internal weights, both updated using Hebbian 
learning [37]. 

The output of the Place Cell Layer (PCL) is used to 
generate the World Graph Layer (WGL) [31, 32] corresponding 
to a topological map where nodes in the map represent 
distinctive places, and arcs between nodes are associated with 
the direction of the rat’s head when the animal moves from one 
node to the next one. To determine whether or not the robot 
recognizes a place in our model, WGL searches the current 
activation pattern PC produced by PCL within all nodes in the 
graph. This search involves the computation of the similarity 
degree (SD) between PC and every stored pattern. The 
activation pattern with the smallest SD is considered the winner. 
If the PC and the winner pattern are sufficiently similar, i.e. SD 
is under certain threshold, then all active grids cells are 
reinforced at a certain rate λ. We refer to this reinforcement 
procedure as “reset”, as it helps resetting the grid firing patterns 
when the robot is in a distinctive place. 

V. ROBOT EXPERIMENTS 
Our robot experiments are based on open arena rat 

experiments inspired by Morris’ water mazes [1,2]. In these 
experiments rats are placed in a circular tank filled with a cold 
opaque liquid resulting from mixing water with milk or paint. 
To escape from the cold water rats have to swim, locate and 
climb onto a platform made of transparent acrylic placed in a 
fixed location. Rats are initially tested with the platform visible 
above water level in order for them to learn that the platform 
will allow them to escape from the water. In later trials, the 
platform is hidden just below the water surface, invisible, so 
rats have to remember its location in order to climb it to escape 
the cold water. In his work Morris showed that rats learned the 
location of the platform faster when they were able to use 
distant visual cues placed around the maze than when they 
exclusively relied on path integration. Navigation towards the 
correct position in the maze was based on the fixed goal 
location relative to fixed distant visual cues or landmarks. 

We initially simulated the Morris water maze through a 
“dry-land” open arena as shown in Figure 5 (left) where L1, L2, 
L3 and L4 represent the landmarks, and shows the cardinal 
point. 

 
Fig. 5. (left) Illustration shows an open field circular arena with the platform 
location at NE and departure position at W. (right) The real arena with the 
robot. 

The corresponding physical circular arena is shown in 
Figure 5 (right) with the Khepera III robot positioned near the 
cyan landmark. Figure 6 shows the Khepera III robot [40] uses 
a laser range finder to perceive field border, a visual camera to 
view distal cues and infrared sensors to detect the hidden 
platform.  

 
Fig. 6. The Khepera III robot equipped with a web camera in front and a 
laser range finder on top.   

The neural model is remotely processed in a PC using the 
use the Neural Simulation Language [41] as it allows 
incremental incorporation of neurophysiological details as they 



become available. The system interacts via wireless 
communication with the robot to process visual input and issue 
motion commands. We briefly describe visual processing and 
grid cell processing. 

A. Visual Processing  
Visual input is processed through color identifying the 

various landmarks in the environment. Figure 7 shows sample 
output from image processing of various colored landmarks by 
applying simple filters and contour detection included in the 
OpenCV v2.4 library [42]. The image shows actual visual input 
from the robot local camera where the recognized objects are 
highlighted with similar colors. The detected contours are used 
in the model to estimate relative size, distance and orientation 
of each visible landmark to the current robot egocentric view as 
perceived by the local camera. Relative distance and orientation 
to each visible landmark are represented by two Gaussian linear 
arrays in a landmark perceptual schema. 

 
Fig. 7. Presents five panoramic images used as input to the landmarks 
processing module. 

B. Grid Setup 
 In order to specify the number of grid cells for our current 
environment we consider the proposal from Solstad [43] who 
suggests the transformation from periodic grid fields to non-
periodic place fields, using for each place cell the input from 
grid cells with similar spatial phase but a diversity of spacings 
and orientations.  

 After a number of preliminary simulations, we decided to 
represent the environment with a regular grid of 69 vertices to 
balance computational efficiency versus field coverage. We 
chose to represent each vertex by a 10-grid cell varying in 
orientation. The orientation is selected at random for each 
vertex by setting which head direction cells are used. We use 
the input from 3 head direction cells with selectivity for head 
direction angles differing by 120º. The final grid cell layer 
consisted of a total of 690 grids cells uniformly distributed on 
the environment.  

C. Evaluation Metrics  
The main evaluation metric is in relation to the loop closure 

problem used to determine whether the robot has been able to 
return to a previously visited location. In our model, the loop 
closure problem is solved when the similarity difference 
between PC and the winner pattern is under a certain threshold.  

In our experiments, the robot uses the habituation runs to 
build a map from self-movement and external cues information. 
During this phase, decisions are made by the robot based on 
curiosity, which is a motivational factor included in the model 

to promote the exploration of unknown portions of the 
environment. At any given moment, the currently built map is 
taken into account to make these decisions. 

We use the number of loop closure errors during the 
habituation phase as an evaluation metric. The robot position is 
used validate the current winning node in the WGL.  

VI. RESULTS 
We performed preliminary experiments with our physical 

robot demonstrating the feasibility of the model for shorter 
runs. We evaluated the model through a more extensive set of 
runs using a simulated environment to analyze the performance 
when executing a higher number of actions. Different levels of 
white noise were added to the robot speed in order to make 
simulations more realistic. 

Figures 8 and 9 show the result of executing the model for 
a 3000 action habituation run. The figures show the number of 
times the robot fails to solve the loop closure problem correctly. 
Each function presents the average over the loop closure error 
on 10 independent runs. Figure 8 shows the loop closure errors 
as a function of the executed actions by the robot without 
resetting the grid cells. The percentage values inside the graph 
represent introduced noise in robot speed. Figure 9 shows the 
results using the grid reset feature. 

 
Fig. 8. Evolution of the loop closure error for different speeds error without 
grids cells reset. 

Improvement is seen when the reset mechanism is applied. 
Not only there is a lower number of errors, but also the errors 
occur later in time. 

VII. CONCLUSIONS AND DISCUSSION 
The goal of this paper is to describe a model for spatial 

localization inspired in rat studies. The model extends the 
existing Barrera-Weitzenfeld model by incorporation a layer of 
grid cells to represent “neural odometry” integrating to place 
cells in the representation of different locations in the 
environment. We experimented with simulated and physical 
robots to evaluate loop closure performance. The results with 
physical robots are still preliminary and we plan to perform 
more extensive experiments under more complex and realistic 
environments.  



 
Fig. 9. Evolution of the numbers error loop for different speeds error with 
grids cells reset. 

As part of our future work we plan to extend the head 
direction cell representation to a more biological model. We are 
planning to perform full goal-oriented navigation experiments 
as described by Morris. We plan to investigate the benefits of 
using grid cells to resolve the path integration problem and its 
robustness in contrast to existing non-biological SLAM robotic 
systems.  
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